Psoriasis, an immune-mediated, inflammatory disease of the skin and joints, provides an ideal system for expression quantitative trait locus (eQTL) analysis, because it has a strong genetic basis and disease-relevant tissue (skin) is readily accessible. To better understand the role of genetic variants regulating cutaneous gene expression, we identified 841 cis-acting eQTLs using RNA extracted from skin biopsies of 53 psoriatic individuals and 57 healthy controls. We found substantial overlap between cis-eQTLs of normal control, uninvolved psoriatic, and lesional psoriatic skin. Consistent with recent studies and with the idea that control of gene expression can mediate relationships between genetic variants and disease risk, we found that eQTL SNPs are more likely to be associated with psoriasis than are randomly selected SNPs. To explore the tissue specificity of these eQTLs and hence to quantify the benefits of studying eQTLs in different tissues, we developed a refined statistical method for estimating eQTL overlap and used it to compare skin eQTLs to a published panel of lymphoblastoid cell line (LCL) eQTLs. Our method accounts for the fact that most eQTL studies are likely to miss some true eQTLs as a result of power limitations and shows that~70% of cis-eQTLs in LCLs are shared with skin, as compared with the naive estimate of < 50% sharing. Our results provide a useful method for estimating the overlap between various eQTL studies and provide a catalog of cis-eQTLs in skin that can facilitate efforts to understand the functional impact of identified susceptibility variants on psoriasis and other skin traits.
Introduction
Transcriptional regulation of gene expression is essential for almost every process in a cell, and abnormal transcriptional regulation is likely to be involved in the etiology of many diseases. Advances in high-throughput gene expression profiling and genotyping technologies have recently enabled researchers to study the genetic variants that regulate gene expression at a genomic scale.
1 Such genomewide association studies (GWAS) of gene expression have identified thousands of genetic loci affecting the expression of specific transcripts. Each of these loci is called an expression quantitative trait locus (eQTL). The identification of eQTLs will enhance our understanding of global transcriptional regulation and regulatory variation. Furthermore, as GWAS of diseases identify many susceptibility variants with no known functional effects, 2 eQTL studies might help clarify the function of many newly identified susceptibility variants. 3 Studies of global gene expression were initially performed in model organisms (ranging from yeast 4, 5 to flies 6 to mice 7 ) , but more recent studies have directly examined human cells. [8] [9] [10] [11] In humans, the vast majority of validated eQTLs map to within a few hundred kilobase pairs of the associated transcription unit. Loosely, these loci are termed cis-eQTLs. In contrast to cis-eQTLs, loci located far from the transcripts that they regulate have been much harder to confidently identify in humans and are, loosely, termed trans-eQTLs. One example of the utility of eQTL analysis is the GWAS for asthma (MIM 600807) reported by Moffatt and colleagues. 12 The study showed that a set of noncoding genetic variants that is strongly associated with childhood asthma also regulates expression levels of ORMDL3 (MIM 610075), focusing attention on ORMDL3 as a target for additional functional studies. Most human studies have measured transcript abundance in blood cells (peripheral blood lymphocytes and immortalized lymphoblastoid cell lines [LCLs] ); only a small number of studies have examined it in other tissues (e.g., liver 13 or brain 14 ).
There is a controversy regarding whether associations observed in LCLs will translate to other tissues, and some recent studies have suggested that overlap between eQTL signals among tissues might be relatively small. Dimas et al. compared lists of significant eQTLs identified in three cell types (LCLs, fibroblasts, and T cells) and estimated that 69 to 80% of cis-eQTLs operate in a cell-type-specific manner. 15 However, our analyses provide evidence that current eQTL studies are typically underpowered and that, as a result, directly comparing lists of significant eQTLs leads to underestimation of the overlap percentage.
Indeed, our results show that overlap in eQTLs across tissues can be substantial. In this study we report the mapping of eQTLs in skin tissue from psoriatic patients and healthy controls. Psoriasis (MIM 177900) is an immune-mediated, inflammatory, and hyperproliferative disease of the skin and joints. It provides an ideal system for eQTL mapping analysis, because psoriasis has a strong genetic basis and affected tissue (skin) is readily accessible.
The current work presents two major advances. First, it describes a large catalog of genetic variants influencing transcript levels in both normal and psoriatic skin. This catalog is based on gene expression and genotype data that we have collected from normal skin from healthy controls (normal skin), normal-appearing skin from psoriatic patients (uninvolved skin), and diseased skin from psoriatic patients (lesional skin). This catalog represents a genetic map of gene regulation in skin and provides a useful tool for examining the functional impact of genetic variants associated with psoriasis and other diseases.
Second, it describes a method for accurately estimating the overlap of eQTLs between tissues; we use this method to compare our eQTL catalog in skin with a previously described catalog for LCLs. An accurate estimate of overlap in eQTLs across tissues can help researchers to quantify the benefits of studying eQTLs in different tissues. We also note that a simple and naive estimate based on the overlap of discoveries will necessarily underestimate the true overlap because each eQTL study will detect only a subset of all eQTLs. Here, we describe a procedure that takes statistical power into account to provide a more accurate estimate of the percentage of overlapping eQTLs between two tissues.
These two aspects of our work shed light on transcriptional regulation by genetic variants in skin and provide an insight into the genetics of gene expression in different tissue types. Our work also describes a practical approach for estimating the overlap of signals from two experimental settings. This method has the potential to be applied to a wide range of biological studies.
Material and Methods

Mapping eQTLs in Skin
Subjects
We enrolled 58 psoriatic patients and 64 healthy controls in the study. Patients had to have at least one well-demarcated, erythematous, scaly psoriatic plaque that was not limited to the scalp. In those instances where there was only a single psoriatic plaque, the case was considered only if the plaque occupied more than 1% of the total body surface area. Study subjects did not use any (a) systemic antipsoriatic treatments for 2 wks prior to biopsy or (b) topical antipsoriatic treatments for 1 wk prior to biopsy. Informed consent was obtained from all subjects, under protocols approved by the institutional review board of the University of Michigan Medical School, and the study was conducted according to the principles of the Declaration of Helsinki. Subjects with failed gene expression profiling or failed genotyping were excluded from the analysis. The final analysis included 53 psoriatic patients and 57 healthy controls. Genotype Data Subjects (as a subset of a total of 1409 cases and 1436 controls) were genotyped by Perlegen Sciences with the use of four proprietary, high-density oligonucleotide arrays in partnership with the Genetic Association Information Network (GAIN). A series of quality control filters, which are described in detail in Nair et al., 16 were applied to the genotype data. In brief, we excluded markers with < 95% genotype call rates, with a minor allele frequency < 1%, with a Hardy-Weinberg equilibrium (HWE) p value < 10
À6
, with > 2 mismatches among 48 pairs of individuals that were genotyped twice, or with > 2 Mendelian inconsistencies among 27 trios; we also excluded samples with call rates < 95% and with outlier heterozygosities. In total, 438,670 autosomal SNPs were genotyped for 53 psoriatic patients and 57 controls. As previously described, [17] [18] [19] we used information on patterns of haplotype variation in the HapMap CEU samples (release 21) to infer missing genotypes ''in silico.'' We analyzed only SNPs that were genotyped or could be imputed with relatively high confidence (estimated r 2 between imputed SNP and true genotypes > 0.3, so that patterns of haplotype sharing between sampled individuals and HapMap samples consistently indicated a specific allele; we use this r 2 -based threshold, rather than one based on the posterior probability of each imputed genotype, because it naturally accommodates SNPs with different allele frequencies and because it is the same threshold used in many recent GWAS, including our psoriasis study 16 ).
Gene Expression Data
Two biopsies (one lesional, one uninvolved skin; 6 mm each) were taken under local anesthesia from each psoriatic subject, whereas one 6 mm punch biopsy (normal skin) was taken from healthy controls. Lesional skin biopsies were taken from psoriasis plaques, and uninvolved skin biopsies were taken from the buttocks, at least 10 cm away from the nearest plaque. The normal-skin biopsies were also taken from the buttocks. RNA from each biopsy was isolated with the RNeasy kit (QIAGEN, Valencia, CA). Samples were run on Affymetrix U133 Plus 2.0 arrays for evaluating the expression of~54,000 probes, in accordance with the manufacturer's protocol. The raw data from 180 microarrays were processed via the Robust Multichip Average (RMA) method. We considered expression levels for all~54,000 probes on the array. To avoid outliers, we also applied a second inverse normal transformation step to residuals for each trait, after adjusting for sex and batch effects. Procedures for extracting RNA, controlling RNA quality, and preprocessing gene expression data are described in detail elsewhere. 20 The microarray data have been deposited into NCBI Gene Expression Omnibus (GEO) under accession number GSE13355. eQTL Mapping We tested SNP-gene expression associations separately in normal skin (n ¼ 57), in uninvolved skin (n ¼ 53), and in lesional skin (n ¼ 53). Given the small sample size in each analysis (< 60) and hence the relatively low statistical power, we tested only cisassociations between each transcript (i.e., probe) and those SNPs in its cis-candidate region (from 1Mb upstream of the transcription start site to 1Mb downstream of the transcription end site). Specifically, we used the score test in Merlin (fastassoc option) to test the association. 21 For genotyped SNPs, the number of copies of one allele was modeled. For imputed SNPs, the dosage (i.e., the expected number of copies) of one allele was modeled. Unless noted otherwise, we used a p value threshold of 9 3 10 À7 as the significance threshold to originally identify cis-eQTLs, which corresponds to a false discovery rate (FDR) of approximately 0.01 in each of the three skin types. For gene expression traits that were significantly associated with more than one cis-SNP, we considered only the most significant cis-SNP.
Measuring cis-eQTL Overlap among Three Skin Types
To test whether cis-associations identified in one skin type can be replicated in the other two skin types, we started with the significant SNP-gene pairs identified in one skin type and then evaluated evidence for association in the other two skin types, using a nominal p value threshold of 0.05. We did not use the genome-wide p value significance threshold of 9 3 10 À7 for this analysis, which focuses on a small number of SNP-gene pairs.
Ideally we would use the method we develop below (see next section) to estimate the cis-eQTL overlap among three skin types, but the small sample sizes of the three skin types prevented us from using the sample splitting strategy if we wanted to maintain adequate statistical power for the study.
Estimating the Overlap of cis-eQTL Signals in Lymphoblastoid Cell Lines and in Skin
Intuition To understand our method, consider the following hypothetical situation. Suppose that in a study of LCLs from 100 individuals we detect 1000 eQTLs. Furthermore, suppose that in a second study of identically treated LCLs from 60 individuals we find evidence for 300 of these eQTLs and that in a study of skin samples from 60 individuals we find evidence for only 270 of these eQTLs. In this hypothetical setting, the raw eQTL overlap is only 270/1000 (or 27%) but the power-adjusted estimate of the overlap in eQTLs is 270/300 (or 90%). More details for our method follow.
Statistical Methods
The simplest approach to comparing eQTL lists between two experimental settings is to evaluate the overlap of lists of significant eQTLs compiled separately for each setting. Unfortunately, this method will underestimate the overlap percentage whenever either of the two studies is underpowered (in that case, many true eQTLs might be detected in one study but missing from the list of eQTLs detected in the second study). Here, we propose a method that takes into account the statistical power of the studies. Very briefly, our procedure starts by splitting the study/tissue with the larger sample size into two parts. One part identifies eQTLs in the tissue, and the second part provides unbiased estimators for the power to replicate eQTL signals. This estimated power is then used to adjust the observed raw overlap percentage and hence to obtain a power-adjusted estimate of the overlap in eQTL signals.
Estimating the Overlap Percentage
In our method, we assume that eQTL analyses are performed in two studies: in study 1 (here, the study using lymphoblastoid cell lines), we use a nominal p value cutoff of a 1 to generate a list of significant eQTLs, which corresponds to an FDR of FDR 1 , whereas in study 2 (here, the study using skin tissue), we use a nominal p value cutoff of a 2 , corresponding to an FDR of FDR 2 . Let p be the percentage of eQTLs in study 1 that are also eQTLs in study 2; let p raw be the observed percentage of significant eQTLs in study 1 that are also significant in study 2. Because both eQTL lists are necessarily incomplete, p raw will result in an underestimate of p. Our aim is, thus, to arrive at a better estimator of the true overlap percentage p. To do this, we attempt to estimate a power-adjusted expected overlap in significant eQTLs, p adjusted .
To arrive at this power-adjusted expected overlap, we start with the list of significant eQTLs in study 1 and consider (see Figure 1 for a detailed decision diagram) a series of possibilities that might lead these eQTLs to replicate in study 2 (i.e., to be overlapping eQTLs): (a) a fraction (p) of true positive eQTLs in study 1 are also true eQTLs in study 2 and are expected to replicate in study 2 with a particular power; (b) a fraction (1À p) of true positive eQTLs in study1 will not be true eQTLs in study 2 but might ''replicate'' by chance, with the probability determined by the significance threshold a 2 , which is simply the false positive rate; (c) false positive eQTLs in study 1 might also replicate by chance, with the probability also determined by the significance threshold a 2 . We note that it is possible that a small fraction of false positive eQTLs in study 1 will represent true eQTLs in study 2, but for simplicity, we assume that this number will be approximately zero (see Supplemental Material and Methods, available online, for the complete decision diagram with all possibilities and the full description of the method that leads to the simplified version presented here). Therefore:
( Equation 1) where power 2 is the statistical power of study 2 to detect eQTLs that are true positives in both study 1 and study 2 (overlapping eQTLs). Algebraic manipulation of Equation 1 above gives:
Thus, we can estimate p as:
In Equation 2, b p raw is an observed quantity and a 2 is the (arbitrary) p value threshold used in study 2. Given a 1 , FDR 1 can be estimated via the Benjamini and Hochberg procedure. 22 Therefore, to estimate p, the major work is to estimate power 2 . In theory, power 2 is determined by the effect sizes of overlapping eQTLs in study 2, the sample size of study 2, and the type I error rate of study 2 (a 2 ). To estimate power 2 we calculate power 2raw , the statistical power of a study on tissue 1 with the same sample size as study 2 and significance level a 2 to detect significant study 1 eQTLs. Because significant study 1 eQTLs include both identified true study 1 eQTLs and false positives, we use the following formula to adjust for false positives when estimating power 2 (the formula is obtained with the use of a decision tree idea similar to the one in Figure 1 ; see Supplemental Material and Methods for the derivation):
Note that a simple estimate of power 2raw based on the observed effect sizes of each eQTL in study 1 would be biased because of the winner's curse. 23, 24 To avoid the bias, we estimate power 2raw
by using a sample splitting strategy: we split study1 into mutually exclusive and independent sets: study1A and study1B. Study 1A is used to identify significant eQTLs in study 1, whereas study 1B is used to provide unbiased estimates for effect sizes of these eQTLs.
Given the sample size of study 2, we can then estimate power 2raw on the basis of the effect-size estimates. The sample splitting strategy can be further simplified if splitting is done such that study 1B has the same number of subjects and the same data structure (i.e., the same pattern of related and unrelated individuals) as study 2.
In this setting, the proportion of signals identified in study 1A that are also significant in study 1B is power 2raw . The results presented in this paper use this simplified sample-splitting strategy.
Our approach assumes that the distribution of effect sizes is similar for overlapping and nonoverlapping eQTLs in study 1. In addition, it assumes that the distribution of effect sizes for overlapping eQTLs is similar between the two studies. Violation of these assumptions could lead to an underestimate of power 2 (for example, if overlapping eQTLs typically have larger effect sizes than the nonoverlapping ones) or to an overestimate of power 2 (for example, if overlapping eQTLs typically have smaller effect sizes in study 2 than in study 1, where they were originally detected). In the Discussion, we describe results from empirical data that support these assumptions.
Returning to the example in the ''Intuition'' section, consider a setting in which 1000 eQTLs are detected with a 1% FDR in study 1. If 90% of the true eQTLs in study 1 are also true eQTLs in study 2, and if we set a 2 ¼ 0.05 and assume the power of study 2 is 30%, then we expect to see 273 significant eQTLs in study 2 (using the formula from Equation 1). So b p raw ¼ 27.3%, which is approximately one-third of the true overlap percentage 90%. However, if we apply Equation 2 with power 2 ¼ 0.3, a 2 ¼ 0.05, and
Estimating the Variance of the Overlap Percentage
We use the jackknife resampling technique to estimate the variance of b p adjusted . We randomly remove one subject from study 1B and one subject from study 2 to obtain new estimators for b p raw and power 2 and hence a new estimator for b p adjusted . We repeat this procedure and obtain multiple estimators for b p adjusted and then estimate the variance of b p adjusted as:
Data for Lymphoblastoid Cell Lines Genotype and expression data for LCLs were originally published in Dixon et al. 9 for a set of 183 families (340 subjects total). Affymetrix U133 Plus 2.0 arrays were used for gene expression profiling, and Sentrix HumanHap300 Genotyping BeadChips (Illumina, San Diego, CA) were used for SNP genotyping. We then used MACH [17] [18] [19] to impute all HapMap SNPs, with phased
HapMap CEU sample haplotypes as templates. We split the 183 families randomly into two sets, where set 1A contained 126 families and set 1B contained one randomly selected individual from each of the remaining 57 families (so that the sample size matched our study of normal skin).
Applying the Method to Estimating the Overlap of cis-eQTL Signals in LCLs and in Skin
We first performed eQTL analysis in study 1A. As we did in the skin study, we tested only associations between each transcript and those SNPs within 1 Mb of the transcript. We used a range of nominal p value thresholds, which corresponded to FDRs (FDR 1 ) of 0.001, 0.0005, and 0.0001. To avoid multiple counting of the same cis-eQTL signal, we focus on the most significant SNP-transcript pair for each transcript. For the study in skin (study 2), we focused our analysis on the data from the 57 healthy controls (the data from 53 patients were also analyzed). We used a range of a 2 values (p value thresholds) in study1B and study2: 0.05, 0.001, and 0.0005.
Studying Other Features of Skin cis-eQTLs
Relationship of Skin eQTL SNPs to Association Signals in Psoriasis GWAS
We compiled a list of 9462 SNPs associated with levels of at least one transcript in normal, uninvolved, or lesional skin with p < 9 3 10 À7 (corresponding to the FDR at 0.01). From this list we selected 389 independent skin eQTL SNPs. We thinned the eQTL list using linkage disequilibrium (LD) while favoring SNPs with stronger cis-association p values. Specifically, we used an r 2 threshold of 0.2 so that each of the 9462 eQTL SNPs is either in the pruned list of 389 or has a proxy SNP with r 2 > 0.2 in the pruned list. Using a quantile-quantile (Q-Q) plot, we compared the distribution of psoriasis association p values for these 389 eQTL SNPs against the null expectation. Disease-association p values were derived from a meta-analysis of two psoriasis GWAS, the GAIN psoriasis GWAS 16 and the Kiel psoriasis study, 25 and then all HapMap SNPs were imputed in the same way as mentioned above. To further compare these 389 SNPs with remaining GWAS SNPs, we removed all skin eQTL SNPs from the GWAS SNP set and then randomly picked 389 of the remaining SNPs 5000 times. This allowed us to derive confidence intervals (CIs) for the p value distribution of non-eQTL SNPs. Because we were interested in testing whether eQTL SNPs could reveal new psoriasis-susceptibility loci, we removed from both skin eQTL and non-eQTL SNP lists those SNPs that were within 1 Mb of the seven replicated loci from our recently published GWAS (i.e.,
and IL23R [MIM 607562]). Gene Ontology Enrichment Analysis of Genes Associated with cis-eQTLs
We searched for Gene Ontology (GO) terms that were significantly enriched in each list of genes associated with eQTLs in the three skin types. This GO category-enrichment analysis was performed with the publicly available software DAVID.
Results
Mapping cis-eQTLs in Skin As described previously, 20 we found that expression profiles for lesional skin were markedly different from those of normal and uninvolved skin. Using principal component analysis (PCA) ( Figure S2 ), we achieved nearperfect separation of lesional skin from normal and uninvolved skin, whereas the latter two skin types were intermixed. Here, we do not focus on a comparison of expression levels between the tissues, 20 but instead report on the cis-eQTLs in the different skin types. Using a nominal p value threshold of 9 3 10 À7 (corresponding to an FDR for cis-associations of~0.01 for each of the three skin types), we identified 331, 275, and 235 independent cis-associations in normal, uninvolved, and lesional skin, respectively. We have created a publicly available database containing the catalogs of cis-eQTLs for each of the three skin types, which will allow researchers to interrogate their specific SNPs or genes of interest. Figure 2 gives two examples of cis-association between gene transcripts and their nearby SNPs: ERAP2 (MIM 609497) shows clear cis-association in normal skin, peaking at rs2910686, and similar signals in both uninvolved and lesional skin; RPS26 (MIM 603701) has one of the most significant cisassociations in uninvolved and lesional skin, peaking at rs11171739. Although the signal is less significant in normal skin, the same overall pattern of association is observed. We then measured the overlap of cis-eQTLs among the three skin types by testing how many significant ciseQTLs in one skin type were replicated in other two skin types at a nominal p value threshold of 0.05. The results are shown in Figure 3 : 95.1%, 96.7%, and 98.7% of the significant cis-eQTLs in normal, uninvolved, and lesional skin, respectively, were detected in the other two skin types. Furthermore, we observed only two ciseQTLs in each set that were observed only in that skin type, consistent with an FDR of 0.01 (i.e., in a set of 200 signals, we expect to see two false positives). These results, consistent with the similar cis-association patterns observed in the three skin types (Figure 2) , indicate that nearly all cis-eQTLs currently identified are shared by normal, uninvolved, and lesional skin. Therefore, the dramatic physiological changes that are apparent in psoriatic skin appear to have little impact on the identity of cis-eQTLs in skin.
• 
Estimating the Overlap of cis-eQTL Signals in Lymphoblastoid Cell Lines and in Skin
We have developed a more accurate method for estimating the eQTL overlap between two tissues. Using our method, we estimated the percentage of true eQTLs in LCLs that are also true eQTLs in normal skin. As our method requires an approximation in the formula, we controlled the FDR in study 1 relatively tightly (i.e., controlling FDR 1 at 0.001, 0.0005, and 0.0001). We allowed a 2 to take a range of different values (0.05, 0.001, and 0.0005) and then estimated the overlap percentage for all combinations of FDR 1 and a 2 . As summarized in Table 1 , the different FDR 1 and a 2 thresholds give relatively consistent estimates for the percentage of overlapping eQTLs between tissues: around 70% of the true cis-eQTLs in LCLs are estimated to be present in normal skin. The naive estimator b p raw suggests overlap percentages ranging from 30% to 50% depending on the statistical thresholds used in the analysis. As an example, if we set FDR 1 ¼ 0.0005 and a 2 ¼ 0.001, the observed overlap percentage ( b p raw ) was 0.316 and the power was estimated at power 2 ¼ 0.462. Using Equation 2, we estimated the true overlap percentage to be 68.3% (95% CI from jackknife resampling: 66.4%-70.2%). We also estimated the overlap of cis-eQTLs between LCLs and uninvolved skin, as well as between LCLs and lesional skin. These additional comparisons produced similar estimates of~70% shared cis-eQTLs (Table 1) . These results suggest that a majority of cis-eQTLs are shared between skin and LCLs.
We used permutations to further evaluate the performance of our method under the null hypothesis of no overlap. Specifically, we generated 20 permuted data sets by shuffling expression phenotypes (independently of genotype) for the skin eQTL data. In each of these permuted data sets, the expected true overlap is zero, and the estimated overlap obtained with our method is also very close to zero (Table S1) .
Unaccounted-for population substructure could generate false eQTLs or mask the signal of true eQTLs, adversely affecting estimates of eQTL overlap between tissues. In our data, the genomic control value was 1.009 for the skin data set. Dixon et al. 9 previously reported their genomic control value as 1.01 in the LCL data set.
Studying other Features of Skin cis-eQTLs Relationship of Skin eQTL SNPs to Association Signals in Psoriasis GWAS
Out of a total of 9462 SNPs that passed the eQTL significance threshold of 9 3 10 À7 in normal, uninvolved, or lesional skin (FDR ¼ 0.01), we identified 389 independent skin eQTLs (r 2 < 0.2) and examined their potential importance in the context of psoriasis and other complex genetic disorders that have been subjected to GWAS. First, using the meta-analysis results for two psoriasis GWAS, we compared the distribution of disease-association p values for SNPs that define eQTLs and those that do not. For this comparison, we exclude SNPs within 1 Mb of regions known to be associated with psoriasis, so as to more directly evaluate the ability of eQTLs to suggest new loci. Figure 4 shows the Q-Q plot for the 389 independent eQTL SNPs in skin, with CIs estimated by sampling the same number of non-eQTL SNPs. The Q-Q plot clearly shows a trend for eQTL SNPs to be more strongly associated with psoriasis than non-eQTL SNPs, an observation that is consistent with other recent studies. 26 Furthermore, the majority of eQTL SNPs exceed the 75% CI obtained by sampling non-eQTL SNPs, and six of the top eight ranked eQTL SNPs exceed the 95% CI determined by sampling non-eQTL SNPs. Table S2 presents the most significant eQTLs identified in normal, uninvolved, and lesional skin. Table 2 lists the top eight eQTL SNPs from the Q-Q plot, along with their cis-association and psoriasis GWAS results. Although the overlap between eQTL signals and psoriasis associations is intriguing, we recognize that further follow-up genotyping will be required to confirm these signals. Still, examination of the genes in this list (FUT2 [MIM 182100], RPS26, ERAP1 [MIM 606832], and ERAP2) suggests several plausible biological connections, which are detailed in the Discussion. We also studied this list of skin eQTL SNPs in the context of other complex genetic diseases that have been subjected 331 eQTLs ( p < < 9*10 − −7 ) in control skin replicated in neither (0.6%) replicated in uninvolved (3.9%) replicated in lesional (0.3%) replicated in both (95.2%) 275 eQTLs ( p < < 9*10 − −7 ) in uninvolved skin replicated in neither (0.7%) replicated in control (2.5%) replicated in lesional (0%) replicated in both (96.7%) 235 eQTLs ( p < < 9*10 − −7 ) in lesional skin replicated in neither (0.9%) replicated in control (0%) replicated in uninvolved (0.4%) replicated in both (98.7%) Figure 3 . The Sharing of cis-eQTLs in Normal, Uninvolved, and Lesional Skin with the Other Two Types of Skin The p value threshold for discovery is 9 3 10
À7
, and the p value threshold for replication is 0.05.
to GWAS. Among 1482 significant (p < 10 À5 ) SNP associations from 321 published GWAS curated by the National Human Genome Research Institute, we found 14 skin eQTL SNPs (Table S3) , which are associated with 19 disease traits, whereas we expected to see only five overlapping SNPs by chance, with the 95% CI being 2-10 for overlapping SNPs. Enrichment of eQTLs for Genes Involved in MHC Class I Antigen Presentation Using DAVID, 27, 28 we searched for biological processes enriched in eQTL-associated transcripts from lesional, uninvolved, and normal skin, as well as LCLs. This analysis revealed significant enrichment for eQTLs regulating genes involved in the processing and presentation of endogenous peptide antigens via MHC class I in lesional skin (Table S4) . We also observed a similar but nonsignificant trend in uninvolved skin, normal skin, and LCLs. The skin eQTL-associated genes observed to be enriched in this GO category included ERAP1 (endoplasmic reticulum aminopeptidase 1; also known as ARTS-1), TAP2 (transporter, ATP-binding cassette, major histocompatibility complex, 2 [MIM 170261]), ERAP2 (endoplasmic reticulum aminopeptidase 2; also known as LRAP), and TAPBPL (TAP binding protein-like [MIM 607081]). These genes are intimately involved in the transport (TAP2, TAPBLPL) and processing (ERAP1, ERAP2) of peptides within the endoplasmic reticulum for subsequent presentation on the surface of cells within the antigen-binding groove of MHC I class molecules. 29 These results provide further evidence for the genetic control of the expression of genes involved in MHC class I antigen presentation in the skin.
Localization of cis-eQTLs With Respect To the Transcription Start Site of the Transcripts They Putatively Regulate
We studied the localization of the most significant eQTL for each cis-association in normal, uninvolved, and lesional skin with respect to the transcription start site of the gene it putatively regulates. The most significant ciseQTLs localize closely (most of them within 100 kb) and roughly symmetrically around the transcription start site ( Figure S3 ). This localization pattern in the skin confirms previous observations in LCLs. 9, 11, 30 Although many mechanisms control mRNA levels, this observed localization pattern suggests that many, if not all, eQTLs play a role in the regulation of transcription.
Discussion
We report an eQTL map of human skin and identify eQTLs in normal skin, uninvolved skin from psoriatic individuals, and lesional psoriatic skin. Our results thus provide a useful resource for studying the regulation of gene expression in skin. Our analysis shows that the vast majority of strong cis-eQTLs are shared in the three skin tissue types, which indicates that the physiology of the disease does not change the identity of those strong cis-eQTLs. This finding does not preclude a role for cis-eQTLs in psoriasis or other skin diseases. First, although it appears that the same set of transcripts are cis-regulated in all three skin types, differences in genotype frequencies for the regulatory SNP between cases and controls can result in differences in expression levels for the transcripts they regulate between psoriatic and normal skin. Second, it is possible that the same transcripts can have different downstream effects in normal and diseased skin tissues. We have developed a refined method for estimating eQTL overlap between two tissues. Our method can provide a more accurate estimator for the eQTL overlap percentage whenever either of the two studies is underpowered. Our multistep procedure first generates a list of potential eQTLs and then uses unbiased estimates for eQTL effect sizes to estimate the expected number of replicating eQTLs for a specific sample size. The proportion of overlapping eQTLs can then be interpreted in this context. Our method can be useful in a variety of settings where estimation of the overlap of two signal lists is needed. For example, in theory the method can be applied to estimate the overlap of areas of the brain activated by two different stimuli in an fMRI (functional magnetic resonance imaging) experiment.
Using our method, we have estimated that around 70% of the significant cis-eQTLs in LCLs are also observed in skin, a value that greatly exceeds the raw overlap of 30%-50% obtained with the use of a naive estimator. If overlapping eQTLs typically had larger effect sizes than nonoverlapping eQTLs, we might expect these to replicate across tissues more often than expected for an ''average'' eQTL. To empirically examine this possibility, we divided the set of eQTLs identified in the lymphocyte data into two equally sized groups: a ''large effect size'' group with the largest effect eQTLs and a ''small effect size'' group with the remainder. As shown in Table S5 (and described in Supplemental Material and Methods), we found very similar estimates of eQTL overlap between tissues for ''large effect'' and ''small effect'' eQTLs. We also compared eQTL effect sizes between LCLs and skin for overlapping loci. Our results show that the effect sizes are similar for the two groups ( Figure S4 ), providing further reassurance of the validity of our method.
We also compared the LCL cis-eQTLs in our analysis with cis-eQTLs identified in fibroblasts and T cells generated by Dimas and colleagues. 15 Even though the raw overlap percentages were rather low, after we adjusted for the power of the study (because sample sizes of LCLs, fibroblasts, and T cells are the same in Dimas et al., 15 the power of the study can be estimated by using the results from LCLs in that same study), we estimated that 65%-70% of significant LCL cis-eQTLs were also present in fibroblasts and T cells (Table 3 and Supplemental Material and Methods). This finding is consistent with our results comparing LCLs and skin. The same methods we have described here to compare eQTL sets between tissues could be used to compare eQTL sets between many different groups, including comparisons of eQTL lists between populations, sexes, and cases and controls. Our method provides an estimate of the fraction of eQTLs shared between two tissues, but this is only one of many questions of interest when comparing the impact of genetic variation on gene regulation across tissues. For example, it would be desirable to evaluate whether eQTLs maintain their relative importance across tissues: perhaps, even if eQTLs are generally shared between tissues, their relative impact on gene expression will vary. Additionally, one might be interested in examining how these proportions vary for specific categories of genes. For example, one might propose that eQTLs regulating the expression of genes involved in repair might be relatively conserved across tissues, whereas those involved in more tissuespecific processes (such as those involved in the specialization of different skin cell types) might be more often tissue specific. Whereas the first question can be addressed with more detailed statistical models, the second question can be addressed by focusing the analysis on subsets of genes 
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a The p value from the psoriasis GWAS meta-analysis (GAIN study þ Kiel study). For all eight SNPs, the effect directions are consistent in the two studies of the meta-analysis.
of related function. Both analyses will benefit from large sample sizes and larger eQTL lists.
Results from the eQTL mapping in skin are also useful in interpreting genetic susceptibility loci identified by GWAS of multiple complex traits, including skin diseases. We examined whether eQTL SNPs were more likely to be associated with psoriasis. This is analogous to other analyses that might focus on SNPs that are likely to be functional because, for example, they encode nonsynonymous SNPs. This focused analysis of eQTL SNPs identified SNPs near FUT2 (rs492602), RPS26 (rs11171739), ERAP1 (rs7063), and ERAP2 (rs2910686) loci as attractive candidates for further analysis in psoriasis and other autoimmune diseases. Other lines of evidence support the idea that these genes might be important for psoriasis. For example, FUT2 encodes a fucosyltransferase involved in the synthesis of blood-group antigens, 31 which are also involved in the fucosylation of cell-surface proteins on epithelia. 32 rs492602, the peak eQTL SNP in the region, also corresponds to the peak psoriasis association signal in the region. RPS26 is linked to antigen processing and presentation and T cell-mediated immunity. eQTL SNPs near RPS26 (e.g., rs2292239) have been associated with type I diabetes, 13 though their relevance as a direct disease determinant has been questioned. 33 In our data, the same SNPs show suggestive association with psoriasis (p value ¼ 0.01) and with RPS26 transcript levels in both uninvolved and lesional skin (p value < 10 À9 in both tissues). We also observed highly significant eQTL associations for ERAP1 and ERAP2. The products of these genes are intimately involved in the process of trimming peptides in preparation for loading into MHC class I molecules; 34 variants near ERAP1 are associated with ankylosing spondylitis (MIM 106300), 35 another autoimmune disorder. As this paper went to press, association between ERAP1 and psoriasis was reported in a large independent sample. 36 Psoriasis, psoriatic arthritis (MIM 607507), and ankylosing spondylitis are the only major autoimmune diseases that are primarily associated with MHC class I, and ERAP1 is involved in MHC class I antigen processing. In summary, we have provided a catalog of genetic variants influencing transcript levels in skin and developed a method for estimating eQTL overlap between two tissues. In the future, larger eQTL studies will enable us to study both cis-and trans-eQTLs and hence to provide a comprehensive profile for the genetics of gene expression in skin. With the efforts from our group and others, more data are being collected from different tissues, and researchers will soon be able to comprehensively study the tissue specificity of eQTLs and to have a better understanding of common and tissue-specific transcription-regulation mechanisms. In addition, newly developed technologies (e.g., exon microarrays and next-generation RNA sequencing for highthroughput gene expression profiling) will not only provide us with higher quality data, but will also enable us to study the regulation of different isoforms of the same transcript and to provide a more sophisticated picture of the genetic regulation of transcription.
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Supplemental Data include Supplemental Material and Methods, four figures, and five tables and can be found with this article online at http://www.cell.com/AJHG/. Table 3 . eQTL Overlap between LCLs from Dixon et al. 9 and LCLs, Fibroblasts, and T Cells from Dimas et al. 15 Overlap with LCLs (Dixon et 
